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Accurate and efficient estimation of herbage mass is essential for optimising grass utilisation and increasing
profit for pasture farming. There is no definitive sampling protocol for grass measurement on Irish pastures. This
paper presents the Grass Measurement Optimisation Tool (GMOT), designed to generate measurement protocols
that optimise for time and accuracy. The GMOT was designed in the form of a decision support tool that gen
erates interactive paddock maps that guide the farmer on how to optimally measure their pastures in a random
stratified manner based on GPS co-ordinates, resulting in accurate non-biased estimations of mean herbage mass.
Rising plate meter (RPM) measurements and reference herbage cuts were performed on trial plots and grazed
paddocks over three years. Measurement routes were optimised using a genetic algorithm based on a traveling
salesman problem. Actual survey error was estimated in terms of relative prediction error using Monte Carlo
simulations that combined measurement and calibration error distributions for the RPM. Cost benefit analysis
was conducted to evaluate the feasibility of using the GMOT on Irish grasslands. Actual error for the RPM
decreased from 37% to 26% as measurement rates increased from 1 to 8 ha− 1 and reductions in error were
negligible (<1%) as measurements increased from 8 to 32 ha− 1. Calibration error was the largest source of error
(25.9%) compared to measurement error (8%). Optimal measurement value was achieved by performing 8
measures ha− 1 and further increasing the measurement rate resulted in diminishing returns. The GMOT is
compatible with a range of pasture measurement technologies.

1. Introduction
Accurately predicting fresh grass quantity, in terms of herbage mass
(HM) (kg DM ha− 1), is essential in allocating the correct quantity of
grass to the herd on a daily basis and in maintaining high levels of uti
lisation (Delaby et al., 1998; Dillon, 2006). Beukes et al., (2019) re
ported that a 15% increase in farm profitability could be achieved by
carrying out regular pasture measurements. Dillon (2011) and Hanra
han et al., (2018) estimated that every additional tonne of HM utilised
by grazing is worth between €160 – €278. Traditionally HM was
measured by cutting and weighing grass samples, however nondestructive and less laborious means of estimating HM such as the ris
ing plate meter (RPM) have become more popular with farmers (Ferraro
et al., 2012; Lile et al., 2001; Thomson, 1983). More recent de
velopments have led to the increased use of online decision support tools
(DST) in conjunction with grass measurement devices, such as the RPM,
to assist with the HM calculation and allocation processes. PastureBase

Ireland (PBI) is a DST that is capable of uploading RPM compressed
sward height (CSH) data to predict herbage yields both in terms of HM,
by means of an equation developed by Delaby et al., (1998), and growth
rates using previously recorded data (Hanrahan et al., 2017). Pastur
ebase is similar to other DSTs developed in Europe (Delaby et al., 2015;
Zom and Holshof, 2011). Moreover, scope for a holistic grass manage
ment DST that incorporates more precise and efficient grass measure
ment technologies and practices has been identified (Murphy et al.,
2019).
Several studies have highlighted two of the main sources of error for
the RPM as being measurement protocol and HM prediction error (Earle
and Mc Gowan, 1979; Klootwijk et al., 2019a; Lile et al., 2001; Sand
erson et al., 2001). Protocol error relates to the number of measures and
the measurement route taken within a pasture. Studies have shown that
HM can vary between 15 – 60% within pastures as a result of selective
grazing and dung pats, making it difficult to accurately estimate and
allocate on a regular basis (Barthram et al., 2005; Hirata, 2000; Jordan
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et al., 2003; Klootwijk et al., 2019a; Nakagami, 2016). Murphy et al.
(2020a) recorded average HM variance of 36% within Irish perennial
rye grass (Lolium perenne L.) (PRG) dairy paddocks.
There is no definitive measurement protocol for the RPM to accu
rately predict mean HM and account for spatial variation within pas
tures. Measurements are typically carried out 30 – 50 times in a ‘Zig Zag’
pattern or along transects of a paddock (Sanderson et al., 2001; Thom
son et al., 1997), which leaves scope for operator error and bias. Hay
dock & Shaw (1975) stated that increasing sampling area and resolution
will in turn increase measurement precision, but this further increases
sampling time, effort and cost. Moreover, increasing measurement rate
does not guarantee proportional increases in precision and a number of
studies have outlined that the relationship between measurement rate
and accuracy is in accordance with the law of diminishing returns
(Hutchinson et al., 2016; Murphy et al., 2020a; O’ Sullivan et al., 1987).
Reducing measurement time and effort is paramount, not only in saving
time and cost for farmers but also to encourage more farmers to measure
grass on a regular basis.
Scope for a universal grass measurement protocol has long been
identified (Haydock and Shaw, 1975; Murphy et al., 2018; Thomson
et al., 1997). Hutchinson et al., (2016) developed sampling guidelines to
determine the number of RPM measurements required based upon the
farmers desired level of accuracy and effort. However these guidelines
required the operator to visually asses pasture variation and select
measurement locations, leaving considerable scope for bias. Studies
have suggested the use of random stratified sampling (RSS) to best
predict HM within pastures, however this is difficult to implement at
farm level due to constraints on time and resources (Cayley and Bird,
1996; Hutchinson et al., 2016; Mannetje, 2000). Employing RSS in
volves dividing a paddock into several equally sized strata and then
assigning an equal number of samples randomly within each stratum.
This allows for an even and non-biased distribution of samples within
the paddock (Stevens and Olsen, 2004; Webster and Lark, 2012). Mur
phy et al., 2020a developed a relationship between RPM measurement
rate and average CSH estimation error based on RSS. One issue with RSS
is that it can increase measurement labour, as the operator has to walk to
each pre-determined random measurement location instead of walking
the fastest route through the paddock. To minimise the distance walked
and ultimately the labour requirement when carrying out a grass mea
surement survey, a route optimisation procedure must be employed.
This is similar to a common route optimisation problem often referred to
as the travelling salesman problem (TSP), based on the analogy of a
salesman that needs to travel to number of cities and return home in the
shortest period of time. Solving a TSP can be extremely computationally
expensive as all possible route combinations need to be calculated.
Alternatively, a genetic algorithm (GA) can be employed to estimate the
most optimum route in a reasonable time frame. A GA mimics evolu
tionary processes in nature such as natural selection to estimate the most
optimum route (Abdoun and Abouchabaka, 2012; Haupt and Haupt,
2004). Recent studies have applied TSP approaches to solve agricultural
route optimisation problems in areas such as automated targeted weed
control and field operational logistics (Stray et al., 2012; Xiong et al.,
2017; Zhou et al., 2014).
The second major source of non-destructive grass measurement error
is HM prediction error. Several studies have highlighted the extent of
RPM calibration error in predicting HM (Holshof et al., 2015; Klootwijk
et al., 2019b; Sanderson et al., 2001), however error is unavoidable
when performing any form of modelling. When implementing a grass
measurement survey, it is necessary to quantify the level of error in
order to justify the effort required to achieve a reasonably accurate
result. In two preceding studies the authors have outlined and assessed
RPM measurement and calibration error (Murphy et al., 2020a, 2020b).
However, both of these errors are not static and will vary randomly
within a certain probability distribution between measurements.
Furthermore, increasing measurement rate and effort should theoreti
cally result in a decrease in error in accordance with the law of numbers.

The probability, or risk, of measurement error could be predicted over a
number of repeated iterations by a method known as Monte Carlo
simulation, which has been commonly applied to economic forecasting
in agriculture (Grafton and Manning, 2017; Reidy, 1988; Shalloo et al.,
2004).
There is scope for a DST that could combine total measurement
survey error estimations with route optimisation procedures to enable
the development of optimum grass measurement protocols. Baudracco
et al., (2013) developed a DST incorporating a stochastic model to
simulate pasture utilisation and economic performance based on animal
genetic and pasture variable interactions. Romera et al., (2010) designed
a DST to predict HM growth rates and reduce the requirement of
physical data collection in New Zealand. Nakagami (2016) used Monte
Carlo simulations to predict HM estimation error when evaluating a
grass measurement method that minimised measurement effort.
This paper presents the Grass Measurement Optimisation Tool
(GMOT) prototype, a DST designed to increase the accuracy and effi
ciency of grass measurement for farmers based on the findings from two
previous studies (Murphy et al., 2020a, 2020b). The GMOT was
designed to generate grass measurement protocols that optimise for both
time and accuracy, dependent on the desired level of labour the farmer
wishes to invest in a measurement survey. The following sections give an
overview of the GMOT system, outline the methodology behind its
development and analyse the potential benefits of the system.
2. Materials and methods
2.1. GMOT overview
The purpose of the GMOT was to create an interactive DST that
would guide farmers on how to optimally measure their pastures. The
tool was designed to indicate optimum target measurement locations
and the shortest possible measurement route throughout pastures. The
optimum route could then be followed using real-time GPS via an
interactive map on the user’s smart device. Measurement number,
location and route were to be optimised for both accuracy and time. The
GMOT prototype was developed to utilise basic pasture management
and geo-spatial information to develop a spatially balanced and nonbiased grass measurement protocol. Calibrations to predict HM that
were built into the GMOT were capable of utilising pasture management
information, such as fertilisation rates and the number of previously
performed paddock grazing or cutting events, to increase HM prediction
precision. The main considerations when designing the GMOT were to:
1) develop a grass measurement protocol to accurately predict the
quantity and spatial variation of grazed grass in pastures in terms of HM,
2) optimise this protocol to minimize grass measurement time and la
bour requirements, 3) estimate overall measurement survey error, so
that this can be accounted for when considering labour input and allo
cating HM to the herd and 4) evaluate the feasibility of the GMOT for onfarm use by means of a cost benefit analysis. The GMOT prototype can be
accessed at the following link: https://messo.cit.ie/gmot
2.2. Data collection
The GMOT was developed based on data collected over three grazing
seasons between March 2017 and October 2019 at the Teagasc Animal
and Grassland Research Institute at Moorepark Fermoy Co. Cork, Ireland
(50◦ 7́N, 18◦ 16́W). Data were collected on PRG cultivar controlled trial
plots (5 m × 1.2 m) and grazed paddocks (1 ha), sown with treatments of
PRG only and mixed swards of PRG and white clover (Trifolium repens L.;
clover). Plots and paddocks were fertilised with nitrogen treatments
ranging from 0 to 480 kg N ha− 1 and were cut or grazed on average once
every three to four weeks throughout the grass growing season (HM
mean = 1,257 kg DM ha− 1, range = 35 – 4,082 kg DM ha− 1). On the
controlled trail plots all of the available herbage was removed by cutting
at regular intervals (28 days) to simulate grazing conditions, whereas on
2
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Fig. 1. Process flow diagram representing the main components of the GMOT system, Dist. = measurement route distance, GUI = graphical user interface, HM =
herbage mass, ITM = Irish Transverse Mercator.

the paddocks herbage sub-samples were cut and taken prior to grazing
(on average every three weeks), as outlined in (Murphy et al., 2020a).
Trial plot data were used for HM calibration analysis purposes only
(Section 2.5.2), whereas paddock data were used for calibration and
spatial analysis. Grass CSH measurements were carried out and georeferenced using an RPM developed by McSweeney et al., (2019).
Herbage reference cuts were taken within the plots and paddocks using
an Etesia mechanical mower (Etesia UK., Warwick, UK), with a targeted
post cutting height of 40 mm. Paddock co-ordinates were recorded using
a Trimble Catalyst GPS rover (Trimble Inc., Sunnyvale, CA, USA) operated
in sub-meter mode (±30 cm), using the Irish Transverse Mercator (ITM)
GPS compatible coordinate system (OSI, 2008).

2.3.1. GMOT inputs
2.3.1.1. Paddock co-ordinates and measurement rate. The main user in
puts that were developed within the GMOT were the boundary coordinates (ITM) of the paddock selected for measurement along with
user specified entry and exit points, which were designed in a manner
that they could be copied or uploaded from an external GPS or GIS
source. The GMOT was then programmed to generate an interactive map
outlining the paddock boundaries in grey, along with alphabetically
labelled corner points, as seen in the GUI outlined in Fig. 2. The longi
tudinal length of the paddock is then divided into a number of even
strata, specified by the user, enabling RSS to be applied. Optional user
inputs for the sampling protocol are outlined in the ‘Measurement Pro
tocol Details’ section on the right hand side of the GUI in Fig. 2. The first
option specifies the desired paddock measurement rate, which ranges
between 1 and 32 ha− 1. Once the measurement rate is selected an equal
number of random target measurement locations are allocated within
the boundary limits of each strata. This was programmed using a uni
form random number generator to select random co-ordinates, enabling
RSS to performed, resulting in a spatially balanced and non-biased

2.3. GMOT user interface
The GMOT was developed using Visual Basics for Applications
(Microsoft, 2010) to create a user friendly graphical user interface (GUI)
designed in the form of an interactive paddock map based on the ITM coordinate system. A process flow diagram of the GMOT system can be
viewed in Fig. 1.
3
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Fig. 2. GMOT graphical user interface, including interactive map of Moorepark paddock. An optimised measurement route is represented by the blue dashed line.
Paddock strata are outlined by brown dashed lines and paddock boundaries are outlined in grey.

Fig. 3. GMOT interactive measurement route map outputs, including; (a) basic ITM coordinate map of Moorepark paddock (area = 1 ha), (b) random target
measurement locations for 20 measurements ha− 1 and random measurement route, (c) longitudinal ordered measurement route and (d) optimised measure
ment route.

estimate of average CSH as outlined in Murphy et al. (2020a). A rand
omised walking route was then created as a line series connecting the
target measurement locations. The measurement route is represented by

the broken blue line in Fig. 2.
2.3.1.2. Compressed sward height estimates. The second required GMOT
4
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user input detail is estimated average CSH, this value may be an
approximate visual estimate inputted by the user prior to measuring to
aid protocol design. The initial estimate can be updated for more ac
curate HM analysis with recorded values for each targeted measurement
location once the survey is complete. The CSH inputs are used to esti
mate HM using calibrations developed by Murphy et al. (2020b),
although these calibrations can be changed within the system settings to
meet changes in seasonal, regional, or measurement system re
quirements. Predicted HM is displayed at the top of the ‘Pasture Esti
mations’ section of the GUI. The value of HM measured and the labour
cost can also be specified by the user to allow for cost benefit analysis of
each measurement survey.

2.4.1. Piecewise algorithm
The first step of the route optimisation process is initiated by
ordering the route using a piecewise algorithm (PA). The PA was pro
grammed using an ordering function, which ordered the measurement
route according to the longitudinal co-ordinates of each of the randomly
selected target measurement locations. The PA algorithm significantly
reduces the measurement route distance by removing any crossover
points, as seen in Fig. 3(c).
2.4.2. Route optimisation algorithm
The second step of the route optimisation process is performed by a
genetic algorithm (GA). The GA was designed on the basis of an open
tour TSP that incorporates an evolutionary GA. The TSP involves
selecting an optimum route that incorporates a number of target loca
tions within a tour between a defined start and end point in the shortest
possible path (Haupt and Haupt, 2004). The first step in applying this
theory to optimise the GMOT measurement route involved determining
the distances between the entire set of randomly selected target mea
surement locations. This was programmed in form of a distance matrix
(Appendix A) that calculated the distance between all randomly selected
co-ordinates for each sample rate using Eq. (1), as in similar studies
(Jiang, 2010; Rasmussen, 2011).
The next stage programmed into the route optimisation algorithm
involved coding a GA to find the optimum order in which to visit each
randomly generated measurement location. The logic in employing a GA
for this process was that manually calculating the distance of all possible
route combinations that would encompass all measurement locations
and subsequently selecting the shortest route was not feasible. The
number of all possible route combinations with fixed start and end
points for a selected measurement rate n is defined by Eq. (2) (Haupt and
Haupt, 2004).

2.3.2. GMOT outputs
The main output from the GMOT is the optimised measurement route
map indicating the specified number of target measurement locations
and optimum walking route, which is the shortest practical route that
the farmer can travel when measuring a paddock. The first step in
optimising the route involves ordering the measurement route, which
arranges the target measurement location visitation order in terms of
longitudinal co-ordinates. The second step requires optimising the
measurement route by activating the route optimisation algorithm,
which minimises route distance. GMOT map outputs of each of the
optimisation steps can be viewed in Fig. 3 and the development of the
algorithm behind the route optimisation process is discussed in further
detail in Section 2.4. Additional GMOT outputs are outlined in the
‘Survey Results’ section in the bottom right hand corner of the GUI in
Fig. 2 and include measurement route distance (m ha− 1), estimated
walking time (mins ha− 1), and labour cost (€ ha− 1), along with the
estimated cost benefit value of the measurement survey (€ ha− 1).
Walking time was calculated by factoring the route distance by the
average human walking pace of 1.5 m s− 1 (Minetti, 2000). Protocol cost
was calculated by factoring time (hrs) by the user specified average
dairy labour unit wage. The default value used was the Irish average
dairy labour unit wage of €15 h-1 (Teagasc, 2018). The measurement
protocol survey value indicated at the bottom of the ‘Survey Results’
section in Fig. 2 is the estimated total value of the survey in Euros per
hectare (€ ha− 1), which was calculated by subtracting the estimated
labour and error costs (€ ha− 1) from the value of the predicted HM. The
value of predicted HM was calculated by placing a value of €0.173 on
each kg of HM measured on the basis of the estimated net HM value
presented in Hanrahan et al., (2018). Survey errors were initially esti
mated as a percentage of predicted HM, before being converted to kg DM
ha− 1 and factored by €0.173 kg− 1 ha− 1 to estimate survey error cost.
Survey error estimates are discussed in further detail in Section 2.5. The
default HM value can be adjusted within the GMOT to predict survey
values in accordance with regional figures.

n!
2

(2)

where n is the selected measurement rate.
For example, with a recommended rate of 24 measures ha− 1 there
are 3.1 × 1023 possible route combinations.
The initial random route distance was calculated using the distance
matrix. The route distance was then programmed to be ordered longi
tudinally once the PA was activated, as described in the previous section.
The route distance, defined by the GA cost function in Eq. (3) below, was
then set as the objective to be minimised by changing the route order.
∑N √̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
c=
(3)
(xn − xn+1 )2 + (yn − yn+1 )2
n=0
(
)
where xn , yn are the co-ordinates of the nth measurement point visited,
c is the measurement protocol cost in terms of walking distance (m), and
N is the selected measurement rate.
The main component of the GA is the Excel evolutionary solver,
which was coded via VBA and used to search a vast number of possible
route combinations to determine an optimum solution. The GA was
programmed to continue searching the solution space for the shortest
route until specified stopping criteria were adhered to. The GA was
designed to find the best practical solution within the limits of the
stopping criteria, which may not always be the global optimal solution.
Two significant GA parameters are population size and mutation rate.
Population size refers to the number of random possible trial route so
lutions that the GA will initially select to begin the optimisation process.
The mutation rate refers to the randomness introduced when mating the
most optimum solutions (Abdoun et al., 2012; Keller et al., 2016). The
main GA stopping criteria were convergence, max run time, max itera
tion number, precision, max sub-problems and max time. Convergence
refers to the set limit at which the GA will stop when 99% or more of the
selected population have relative fitness values below this level. Max
time refers to the time limit that the GA will run for, the iteration

2.4. Measurement protocol route optimisation process
The GMOT was designed to minimise sampling time and labour input
using an in-built optimum route finding algorithm. The algorithm
calculated the shortest route that encompassed all randomly selected
target measurement locations between user specified paddock entry and
exit points. Total measurement route distance was determined as the
sum of the combined distances between the paddock entry point, each
target measurement location and the exit point. This was calculated
using Eq. (1)
√̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
Δl = (Δx2 + Δy2 )
(1)
where Δl is the distance (m) between consecutive measurement loca
tions, Δx is the ITM longitudinal difference between consecutive mea
surement locations and Δy the difference in latitude.

5
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Fig. 4. Moorepark 1 ha trial paddock used for route optimisation analysis. The paddock boundary is outlined in grey and GMOT strata divisions are outlined by
purple dashed lines.

number is the max number of possible route combinations the GA will
assess, the precision is the accuracy to which the objective needs to be
satisfied, max sub-problems is the max number of more optimum solu
tions the GA will explore and max time is the time limit at which the GA
will stop if it does not find a better solution than the previous (Fylstra
et al., 1998; Microsoft, 2020). The selected GA parameters outlined in
Appendix A, were similar to those outlined by Jiang (2010) and Rexhepi
et al., (2013) who also utilised the VBA solver to optimise similar TSPs.
The main components of the GA are summarised by the pseudocode
presented in Appendix A.
The GMOT optimisation process may take several hours (0–9 hrs) to
complete on conventional computers depending on the number of
measurements selected, due to the computational complexity of the TSP
as previously discussed. An option to place a time constraint on opti
misation was programmed into the GMOT and the user can change the
max simulation run time limit, however, this may result in less optimum
route solutions. The GMOT was designed to be used in the field on
handheld devices via a virtual private network link to a computer with
greater processing power, with the aim of completing the optimisation
process within a practical time period. Finally, it is recommended that a
protocol be re-generated for each new survey to ensure that the selected
measurement locations remain random and non-biased.

determine measurement error probability distributions, as outlined in
Murphy et al. (2020a). Average measurement rate error was expressed
as a percentage of ‘true’ mean CSH, taken as the average of all 320 CSH
measurements performed on each date. Randomised error simulations
were performed by randomly selecting a number of CSH measurements
taken on each date to estimate mean CSH; this mean was then compared
to the ‘true’ mean of all 320 measurements to determine prediction
error. Random measurement selections were taken in even numbers
from each strata within the paddocks to coincide with each measure
ment rate. This was repeated for 100 iterations for each measurement
date creating a Gaussian frequency distribution with 1300 averaged
error values for each measurement rate across the growing season. Error
distributions for each measurement rate can be viewed in Appendix B.
Simulated measurement error datasets underwent Shapiro-Wilk tests for
normality and if P < 0.05 then values > 3σ were considered outliers and
removed (< 2%). Normality tests were repeated once outliers were
removed and if conditions of normality were not met, data trans
formations were performed. The mean and standard deviation of each
measurement rate error distribution was then used to program sto
chastically simulated error values to be applied to each measurement
generated by the GMOT, to predict measurement error for each survey.
2.5.2. Herbage mass calibration error
Error for predicted HM was simulated in a similar manner to that of
measurement error. Probability distributions of calibration error were
determined using CSH and HM data collected over three growing sea
sons, along with residual HM prediction errors from calibrations
developed as part of a previous study (Murphy et al., 2020b). Error
values were calculated in terms of kg DM ha− 1 by comparing predicted
HM, from CSH measurements using annual HM and monthly HM cali
brations, with reference HM values from herbage cuts.
Error was expressed in terms of relative prediction error (RPE),
which is the root mean squared error (RMSE) expressed as a percentage
of the actual mean HM value recorded from herbage reference cuts.
RMSE was calculated using the following Eq. (4).
√̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
)2
√∑ (
√ N HM − HM
̂i
√ i=1
i
RMSE =
(4)
N

2.4.3. GMOT route optimisation simulation analysis
The benefits of the route optimisation process, in terms of reducing
route distance, were evaluated by performing route optimisations on
RSS target measurement locations on a 1 ha paddock in Moorepark
(Fig. 4) for a range of measurement rates (N = 1, 2, 4, 8, 16, 24, 32). The
paddock was divided into four even strata based on its ITM co-ordinates
and the optimisation process was simulated for 30 random target mea
surement location generations for each measurement rate. Randomised
route distance values were recorded for each simulation along with the
PA and GA optimised routes. All route values were averaged across all
simulations to determine the overall distance reduction value for each
stage of the GMOT route optimisation process.
2.5. Measurement survey error estimates
Protocol error estimations made by the GMOT are indicated in the
‘Pasture Estimations’ section on the right hand side of the GUI in Fig. 2.
As measurement and calibration errors may vary considerably between
measurements, estimated values were generated stochastically based on
Monte Carlo simulation analysis.

̂ i are the
where N, is the number of data points and HMi and HM
observed and predicted values of HM for the ith data point.
Predicted HM error values were then used to develop the Gaussian
distributions shown in Appendix B, which were assessed and treated for
normality as in Section 2.5.1. As for measurement error, calibration
error distributions were used to program stochastically simulated error
values to be applied to average predicted HM from each GMOT mea
surement survey to account for calibration error.

2.5.1. Measurement error
Sampling of grazed paddocks was conducted on 13 dates over a grass
growing season in Moorepark. Stratified blanket CSH sampling (n = 320
ha− 1) was conducted within paddocks on each measurement date to
6
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Fig. 5. Averages of 30 simulated measurement route distances of each random stratified measurement rate for randomised (Rand), piecewise algorithm (PA) and
genetic algorithm (GA) routes.

2.5.3. Herbage mass calibration model analysis
Calibration error is dependent upon the selected HM calibration for a
survey, which has been reported as a large source of error for RPMs
(Klootwijk et al., 2019b; Sanderson et al., 2001). Monte Carlo analysis
was repeated for a number of different calibrations to investigate the
effect of calibration error on overall actual survey error. The analysed
HM calibrations included annual (28% RPE) and monthly (25% RPE)
models from Murphy et al. (2020b) and a basic model with a 35% RPE.
More accurate hypothetical models were further included within the
Monte Carlo analysis to simulate the potential effects of using the GMOT
with future grass measurement systems, which may have greater HM
prediction accuracy. These included sufficient (10% RPE) and ideal (0%
RPE) HM prediction models. The sufficient model with a target RPE of
10% was selected to investigate the recommendations made by Sand
erson et al., (2001), who suggested that HM prediction error must be
within 10% to be sufficiently accurate for feed budgeting. The ideal
model represents a hypothetical future grass measurement technology
capable of predicting HM without error.

applied to individual measurements dependent on the selected mea
surement rate error distribution. Individual measurement values with
simulated error were then used to estimate mean CSH, which was
compared to the ‘true’ mean CSH (80 mm) to determine measurement
RPE. Estimated mean CSH was then factored into each of the HM cali
brations mentioned in Section 2.5.3 to predict HM. Stochastically
simulated calibration error was then applied to the predicted HM value
as in Section 2.5.2 resulting in a predicted HM survey value combining
simulated calibration and measurement error. This enabled the predic
tion of measurement, calibration and combined actual survey error for
each of the 1000 simulations for each measurement rate and HM cali
bration. Combining these findings with the route optimisation simula
tion results enabled a simulated cost benefit analysis of the GMOT
system to be performed.
2.6. GMOT cost benefit analysis
An evaluation of the GMOT system was carried out by applying the
results of both error and route optimisation simulation analyses to
design hypothetical grass measurement protocols for a typical Irish grass
based dairy enterprise. The hypothetical farm scenario was based on
average national figures taken from Teagasc’s National Farm Survey
(Teagasc, 2018) and recent published figures from PBI (Maher et al.,
2019; O’ Leary and O’ Donovan, 2019). Grass measurement practices on
the farm were assumed to be in accordance with current best practice
guidelines. The farm was envisaged to utilise on average 13 tonnes ha− 1
and perform 30 grass walks per annum, in accordance with data from
the best performing commercial farms on PBI. The farm area was
assumed to be 38.3 ha, which is the average Irish milking platform size.
The net profit value placed on each tonne of HM measured, and there
fore assumed to be utilised, was taken as €173 tonne ha− 1 yr− 1 (Han
rahan et al., 2018). The cost of each survey was determined by factoring
measurement route distance (m ha− 1) by survey time (hrs) and labour
cost (€ ha− 1), as mentioned in Section 2.3.2. Reductions in survey error
were assumed to result in proportional increases in grass utilisation. The
monthly HM calibration mentioned in Section 2.5.3 was used to predict
HM, as this had the lowest RPE of all RPM calibrations currently
available for Irish grassland. A grass measurement cost benefit analysis
was performed for the farm, assuming GMOT designed measurement
protocols were adhered to for each grass walk, to evaluate the potential

2.5.4. Estimated actual survey error
The GMOT was designed to estimate overall actual grass measure
ment survey error by combining stochastic measurement and calibration
error simulations based on the analysis outlined in the previous sections.
Actual grass measurement survey error was estimated by combing pre
dicted measurement and calibration error values. The combined po
tential effect of both error sources was predicted using Monte Carlo
simulation. This involved simulating 1000 grass measurement surveys
for each measurement rate and HM calibration, each with Gaussian
simulated measurement and HM calibration errors, to estimate com
bined actual survey error values. A greater number of simulations than
that of the route optimisation analysis (Section 2.4.3) was possible
because the computational expense required was not as large. Percent
age errors were calculated in terms of RPE of a mean CSH of 80 mm and
HM value of 1,257 kg DM ha− 1, which were the average values recorded
for these parameters on the plots and paddocks over the three year
period of this study. Estimated average actual survey error across all
simulations was then used to predict average estimated survey errors for
individual measurement rates and HM calibrations.
Simulated surveys assumed a recording of CSH of 80 mm for each
measurement. Stochastically simulated error percentages were then
7
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Fig. 6. Average values of Monte Carlo simulations (n = 1000) for measurement survey: actual, measurement, and calibration errors for each measurement rate.

financial benefits of the system in terms of increasing grass utilisation
and reducing measurement labour on an annual basis.

process worked more efficiently when the route was initially ordered
using the PA, as the objective function and initial population were much
closer to the optimum. Sathyan et al., (2015) and Xiong et al., (2017)
used similar route ordering techniques in attempting to solve TSPs for
unmanned vehicle route optimisation.
The GA, was effective at reducing the measurement distance for all
measurement rates greater than 2 ha− 1, which is in agreement with a
number of other studies (Jiang, 2010; Patterson and Harmel, 2003;
Rasmussen, 2011) and all GA simulations converged to within the
specified parameter limits outlined in Section 2.4.2.

3. Results and discussion
The following results and discussion are sub-dived into three main
sections: 1) route optimisation analysis; where the results of the GMOT
route optimisation algorithm simulations are outlined, 2) error analysis:
the results from the GMOT error analysis simulations are described
along with HM calibration model error analysis, and 3) GMOT system
evaluation; an evaluation of the GMOT system is outlined for a typical
Irish pasture based dairy farm.

3.2. Error analysis

3.1. Route optimisation analysis

3.2.1. Error frequency distributions
Gaussian error distributions for all measurement rates between 1
ha− 1 and 8 ha− 1 were found to be negatively skewed (P < 0.05)
(Appendix B) indicating that measurement error was biased towards
overestimating mean CSH. To meet conditions of normality, a constant
was added to each dataset and a square root transformation performed.
Likewise, the frequency distribution for HM error was also negatively
skewed (P < 0.001) (Appendix 2) and adding a constant with a log
transformation enabled conditions of normality to be met. Negative HM
error skews may have also resulted from the overestimation of mean
CSH values, which were used to predict HM. Barthram et al., (2005),
found that sward height measurements within grazed pastures were
typically positively skewed as a result of disproportionately high patches
of grass caused by grazing effects and recommended a log normal dis
tribution to best fit this data. The negative HM skews found in this study
may be linked to overestimation of mean CSH caused by the accidental
measurement of patches of less palatable tall grass within the sward that
surrounded dung pats or had gone to seed head, which were rejected by
grazing animals. Likewise, overestimations could have been caused by
depressions in the soil surface, resulting from animal poaching by
grazing in wet weather. These phenomena may explain some of the large
overestimations in CSH and HM, which caused the negative skews
within the error frequency distributions developed as part of this study.

The average distance of 30 simulated RSS routes for each measure
ment rate on the Moorepark trial paddock are outlined in Fig. 5. Route
distances are presented in terms of the initial randomised route, the PA
ordered route and the GA optimised route. At measurement rates of 1
ha− 1 and 2 ha− 1 there was no difference between any of the route dis
tances as there is only one route option between the paddock entry
point, randomised within strata target measurement locations, and exit
point. The first considerable reduction in route distance was achieved at
a measurement rate of 8 ha− 1 with an initial PA reduction of 33 m (11%)
and a total reduction of 40 m (13%) when the GA was implemented. As
the number of possible route options increased, the benefit of both the
PA and GA in terms of distance reduction increased proportionally in
accordance with Eq. (2). Maximum reductions in measurement distance
occurred at the rate of 32 ha− 1 for both the PA (303 m, 34.9%) and the
GA (430 m, 49.4%). At the optimum measurement rate of 24 ha− 1
recommended in Murphy et al. (2020a), the PA reduced measurement
route distance by 190 m (28.5%) and employing the GA resulted in a
total reduction of 272 m (40.7%). The average CPU processing time
required to run the GA optimisation process on a computer with an Intel
Xeon(R) 2.3 GHz processor and 128 GB RAM ranged from 2.81 hrs at 8
measures ha− 1 to 5.01 hrs at 32 measures ha− 1. For practical use of the
GMOT in the field, remote access to a high speed cloud computation
facility would be necessary to run the optimisation process within a
practical time period of several minutes.
The piecewise algorithm was efficient at reducing distance within
one second of CPU time for all sampling rates above 2 ha− 1. Preliminary
tests in the development stage of the GA indicated that the optimisation

3.2.2. Error simulation results
Average error analysis results of Monte Carlo simulations for simu
lated measurement surveys for each measurement rate are presented in
Fig. 6. Measurement survey RPE is presented in three forms: 1) mea
surement error; estimated from the selected number of measurements
8
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Fig. 7. Monte Carlo simulated grass measurement actual survey error (n = 1000) for basic (35% RPE), annual (28% RPE), and monthly (25% RPE) rising plate meter
calibrations, along with hypothetical herbage mass prediction models for sufficient (10% RPE) and ideal (0% RPE) future grass measurement systems.

ha− 1, 2) calibration error; based on the RPE of the selected HM pre
diction model and 3) actual error; which is the combination of both
measurement and calibration errors.
Mean calibration error (25.9%) was more than three times mean
measurement error (8.4%) and was relatively constant across mea
surement rates. Measurement error decreased exponentially as mea
surement rate increased, as reported in previous studies (Hutchinson
et al., 2016; Murphy et al., 2018, 2020a). From Fig. 6 it can be observed
that the largest reduction in measurement error (11.9%) occurred as the
measurement rate increased from 1 − 2 measurement ha− 1. There were
more gradual reductions in error between 2 - 4 measurements ha− 1
(8.6%), 4 – 8 measurements ha− 1 (3.1%), and 8 – 16 measurements ha− 1

(2.1%). The relative reduction in measurement error was substantially
lower as the measurement rate increased from 16 - 24 measurements
ha− 1 (0.6%) and 24 – 32 measurements ha− 1 (0.3%). Mean actual
measurement error for the RPM across all measurement rates was
28.1%, which is similar to findings made by the authors in a previous
study (Murphy et al., 2020b) along with further findings made by
Klootwijk et al., (2019b) and Sanderson et al., (2001). Nakagami (2016)
using Monte Carlo simulations, estimated that HM prediction errors
could be maintained within 20% of the mean using two RPM measure
ments per paddock on Japanese grasslands, however, discovered that
error increased considerably when this method was validated in a field
study.

Fig. 8. Cost benefit analysis of random (Rand), piecewise algorithm (PA), and genetic algorithm (GA) generated measurement routes for different measurement rates
designed by the GMOT. Analysis was based on an average sized dairy farm (38.3 ha) following current best practice grass measurement guidelines and utilising 13
tonnes DM ha− 1 yr− 1.
9
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Similar to measurement error, the largest decrease in actual error
was observed as measurement rate increased from 1 - 2 measurements
ha− 1 (7.46%), with more gradual decreases occurring at 4 (3.3%) and 8
(0.8%) measurements ha− 1. Actual error became relatively constant at
just over 25% at rates between8 – 32 measurements ha− 1. The minute
decreases in actual error as the measurement rate increased from 8 − 32
measurements ha− 1 were most likely a result of the relatively high
calibration error (25.9%) overshadowing the minimal reduction (3%) in
measurement error observed between these rates. Therefore, there is
minimal benefit in increasing RPM measurement rates above 8 ha− 1.
This measurement rate is lower than the sampling rate of 24 measure
ments ha− 1 recommended by the authors in a previous study, which
focused solely on measurement error (Murphy et al., 2020a).

utilisation. As measurement rate increases and error decreases, in
accordance with Fig. 6, measurement cost rises as the survey route be
comes longer. Protocols designed at the rate of 1 measurement ha− 1
were assumed to be the base reference of survey value, where the farmer
is currently utilising 13 tonnes of DM ha− 1 throughout the year by using
simple grass measurement techniques with no rigid protocol. Measure
ment value peaked at €2500 ha− 1 yr− 1 for the GMOT GA designed
protocol at a measurement rate of 8 ha− 1, with a corresponding mea
surement cost of €73 ha− 1 yr− 1. The largest increases in measurement
value (€290 ha− 1 yr− 1) were achieved by increasing the measurement
rate from 1 − 8 ha− 1. As the measurement rates increased from 8 − 32
ha− 1, increases in measurement costs coupled with lower decreases in
survey error resulted in reduced net measurement values for all pro
tocols. The cost reduction benefit of both the PA and GA designed routes
were negligible at measurement rates 1 – 4 ha− 1 and became more
evident as the measurement rate increased above 8 ha− 1. At 8 mea
surements ha− 1 the PA and GA reduced measurement costs by €6 ha− 1
and €7 ha− 1 per annum, respectively. Maximum measurement cost
reduction for all GMOT GA designed routes was achieved at the rate of
32 measurements ha− 1 with reductions of €81 ha− 1 yr− 1 (50%) in
comparison with the random route and €24 ha− 1 yr− 1 (22%) for the PA
route. The GMOT GA designed route at a measurement rate of 8 ha− 1
increased net measurement value by €11,131 per annum across the
average size dairy farm (38.3 ha) by reducing survey error and cost.
Survey error reductions resulted in an increase in grass utilisation of 1.7
tonnes DM ha− 1 yr− 1, whereas measurement cost was curtailed by €7
ha− 1 yr− 1.
GA designed routes reduced measurement cost by 13% at the opti
mum measurement rate of 8 ha− 1 and cost reduction became greater as
measurement rates increased, which further highlights the greater po
tential benefits of GA designed routes if HM calibration accuracy is
increased. The net decrease in measurement value above the rate of 8
measurements ha− 1 was a result of negligible decreases in survey error
due to the overshadowing effect of the relatively high calibration error,
as previously discussed in Section 3.2.2. Although if calibration error
was substantially reduced it may become feasible to increase the optimal
measurement rate, thus increasing the value of GA designed routes. The
RSS strategy and geo-statistical approaches upon which the GMOT is
designed are dynamic and will be applicable to many future grass
measurement technologies with potentially lower HM prediction errors.

3.2.3. Herbage mass calibration model error analysis
The findings of this study confirm that HM calibration accuracy is the
largest source of error with regard to the RPM. Several studies have
shown that the selection of a suitable RPM HM calibration model im
pacts on overall HM measurement error and ultimately grass budgeting
costs (Holshof et al., 2015; Rayburn et al., 2017; Sanderson et al., 2001).
Furthermore, there is scope for improving the overall accuracy of the
RPM by developing more accurate sward and seasonal specific calibra
tions using novel modelling techniques (Klootwijk et al., 2019b; Murphy
et al., 2020b). In this study the authors wanted to investigate the rela
tionship between HM calibration accuracy, measurement rate and actual
survey error, to establish if reducing model error could greater utilise the
route optimisation potential of the GMOT. Fig. 7 presents an analysis of
the effect of HM calibration error on actual survey error. This analysis
shows that even for a hypothetical sufficiently accurate HM prediction
model with 10% RPE, there is only a small decrease in actual error
(0.4%) when the measurement rate is increased from 8 - 16 measure
ments ha− 1, with negligible decreases in error as the measurement rate
is further increased beyond 16 measurements ha− 1. For the hypothetical
ideal HM prediction model, potential reduction of actual error increased
(1.8%) between 8 - 16 measurements ha− 1 and there was a further small
reduction in error (0.7%) between 16 - 24 measurements ha− 1. Beyond
24 measurements ha− 1, error reductions for the ideal HM prediction
model were negligible. This is due to the natural heterogeneity of the
sward within a paddock. Even if an ideal grass measurement system was
employed, blanket sampling would be required in order to completely
eliminate prediction error. These findings are in agreement with an
earlier study by the authors (Murphy et al., 2020a). Moreover, these
results indicate that a considerable increase in HM calibration accuracy
is required to greater utilise the route optimisation potential of the
GMOT and higher GMOT measurement rates may become more feasible
with the onset of future grass measurement systems with lower RPE
values. These results further indicate that there is little benefit, in terms
of error reduction, in measuring at a rates > 8 ha− 1 unless a measure
ment system with much greater HM prediction accuracy is developed in
the future.

3.4. GMOT benefits
The benefits of the outputs from the GMOT include removing oper
ator subjectivity along with increasing the precision and efficiency of
both grassland measurement and management. By using the GMOT farm
managers could estimate the accuracy of their measurements, enabling
margins of error to be accounted for when allocating areas of herbage to
the herd. Furthermore, farmers could accurately predict the time inputs
required and allocate sufficient time in their weekly schedule to achieve
the desired level of accuracy from their farm walk. Conversely, GMOT
designed measurement routes would require the use of a smart device
and may take more time to follow in comparison to simple pasture
measurement methods, such as measuring by transects. The farmer
would also need an internet connection for remote access to a cloud
based server to run the route optimisation process. Moreover, the ob
jectivity of measurement location selection may be limited by the pre
cision of the GPS system used in tandem with the GMOT. However, the
survey value calculated by the GMOT highlights the financial incentive
of regular and precise grass measurement and may entice farmers to
conduct more grass walks throughout the year. Additionally, the GMOT
outputs enable grassland measurement surveys to be outsourced at a
price based on predicted time, effort and accuracy. Moreover, using the
GMOT when outsourcing measurements would ensure that a pre
determined protocol that maintains measurement standards is adhered
to. The GMOT was designed primarily for Irish PRG dominant grazing

3.3. GMOT system evaluation
Cost benefit analysis predictions for a typical Irish dairy farm
following best practice grass measurement guidelines and using the
GMOT to design each grass walk are presented in Fig. 8. Fig. 8 details
annual measurement costs based on different GMOT designed protocols,
which vary in terms of measurement rate ha− 1 and RSS route. Further
illustrated is the net value (€ ha− 1 yr− 1) of each measurement rate,
which is the potential value of HM utilised minus survey error and la
bour cost. The same calculation process is used to generate the survey
value output in the GMOT. Ballari et al., (2012) used a similar approach
to optimise sampling locations for wireless sensor networks by esti
mating and minimising the cost of producing inaccurate predictions,
with the ultimate aim of increasing the value of measured spatial in
formation. Fig. 8 outlines how measurement cost is proportional to HM
10
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production systems, however, the sampling principles upon which it was
designed are applicable to any pasture based system and could further
be applied to ‘zero grazing’ systems, which are more common within the
EU. Moreover, further reductions in optimum measurement rate and
time could be possible on ‘zero grazing’ systems as a result of greater
sward homogeneity, due to absence of grazing effects. Furthermore,
region and species specific HM calibrations can be uploaded to the
GMOT to enable the analysis of different sward types.
The RSS strategy employed by the GMOT enables sward heterogeneity
to be accurately predicted by geostatistics. RSS enables geostatistical
procedures, such as Kriging interpolation, to be employed to generate
yield maps using the geo-tagged measurement data outputs produced by
the GMOT (Webster and Lark, 2012). This will enable further research
into seasonal variation in sward heterogeneity and its effects on grass
measurement precision. Furthermore, the geostatistical principles on
which the GMOT is based are directly applicable to herbage sampling for
quality analysis and soil sampling. The GMOT has multiple potential
benefits with regard to facilitating the application of precision agricultural
technologies to grassland farms, in areas such as targeted fertilisation and
management, as outlined by Shalloo et al., (2018).
The findings of this study indicate that HM calibration is the largest
source of RPM error once a robust measurement protocol is adhered to.
The inbuilt GMOT HM calibrations can be modified according to region
and season to reduce calibration error. These calibrations can be further
updated in accordance with future research. Although the GMOT was
designed in conjunction with the RPM, the RSS and geostatistical prin
ciples upon which it is designed can be modified to work with a range of
grass measurement systems. There is scope to utilise the design princi
ples of the GMOT to enable the automation of grass measurement in the
future, by either aerial or terrestrial unmanned vehicles, such as the
pasture robot proposed by Manderson and Hunt (2013). This potential is
outlined in a similar study by Xiong et al., (2017) who developed a
terrestrial drone for targeted weed eradication, which followed TSP
designed optimised routes.
Results from this study indicate how measurement rate and effort can
be reduced compared to rates recommended by previous studies
(Hutchinson et al., 2016; Klootwijk et al., 2019a; Murphy et al., 2020a)
once GMOT designed routes are followed, thus highlighting the tool’s
potential to reduce grass measurement labour inputs. Although CPU
time was too large for practical real-time optimisation in the field using
the GA coded in VBA; this software makes the GMOT prototype available
to a wide range of users at minimal cost. The authors hope the avail
ability of this software will promote the potential benefits of the GMOT
and lead to its development for use in industry. The authors envisage
that this prototype will lead to a DST application that will promote more
accurate, efficient, and frequent grassland measurement.

4. Conclusion
To conclude, the main findings from this study on developing a grass
measurement optimisation tool to increase pasture management preci
sion and efficiency were;
• A GMOT prototype was developed to promote more accurate and
efficient grass measurement
• The GMOT utilised random stratified sampling, GPS coordinates, a
genetic algorithm and sward specific herbage mass prediction cali
brations to optimise measurement accuracy and time
• GMOT outputs include optimised measurement route maps along
with estimated measurement survey financial value, cost, error and
time
• Monte Carlo analysis of GMOT outputs found that the main source of
error for the rising plate meter was calibration error, which was more
than three times larger than measurement error
• Cost benefit analysis of GMOT outputs showed a diminishing rate of
returns in net measurement value when performing more than 8
measurements ha− 1
• GMOT outputs enable optimal grass measurement of pasture by
performing 8 measurements ha− 1 in a random stratified manner
using the rising plate meter
• The geostatistical design principles of the GMOT are dynamic and
can be applied to a range of pasture measurement technologies.
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Appendix A
(See: Table A1) and (See: Table A2)
Algorithm 1. (Measurement route optimisation)
input: Paddock co-ordinates, paddock entry point and exit point
output: measurement co-ordinates (C), measurement route (r),route distance (D), sample route map
select: strata number (N)
calculate: strata boundaries SN = (Sxi,yi, Sxj,yj, … SxN,yN)
select: measurement rate number (n)
randselect: C =(xi,yi, xj,yj, … xn,yn)
for min(Sxij,yij) ≤ xij,yij ≥ max(Sxij,yij) \\within strata bounds
define: r = {1,2,3,…n) for all \\assign numerical order value to each measurement point
calculate: D \\ distance matrix between all measurement points
sort: r 0 → x \\ sort co-ordinates by latitude (piecewise algorithm)
for: r minimize D \\by changing measurement point route order
do until: r = convergence criteria
stop: once convergence criteria satisfied
print: route map
end
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Table A1
Distance matrix for a rate of 24 measurements ha− 1 used to calculate distances (m) between randomly selected targeted measurement co-ordinates (ITM). Target measurement locations are numbered in order of lon
gitudinal values from left to right in the North direction.
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Table A2
VBA solver stopping criteria and parameter values.

Appendix B

Parameter

Value

Max time
Iterations
Precision
Convergence
Population size
Mutation rate
Max sub-problems
Max time no improvement

1 × 106
1 × 106
1 × 10-7
1 × 10-2
100
0.9
1 × 109
1 × 104

(See: Figs. B1–B2)

(a) 1 measurement ha-1

(b) 2 measurement ha-1

(c) 4 measurement ha-1

(d) 8 measurement ha-1

(e) 16 measurement ha-1

(f) 24 measurement ha-1

(g) 32 measurement ha-1
Fig. B1. Frequency distribution of estimated compressed sward height measurement error for specified measurement rates.
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Fig. B2. frequency distribution of monthly herbage mass calibration error across 2017 – 2019 growing seasons.
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